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Figure 3: The 3 different intervals that were analyzed in the character-by-character alpha analysis. Note 



























Figure 4:  The mean of normalized alpha band power for each of the 3 intervals for correct and incorrect 
selected characters. The intervals that showed statistical significance are marked with an asterisk (*).  A 
(top): All subjects, B (bottom left): Subjects exhibiting high alpha variance.  












































































Figure 5: Graph showing relationship between alpha improvement in BCI accuracy and alpha variance. 
The accuracy improvement is presented in changes in accuracy on a 0 to 1 scale, where 1 is 100% 
accuracy. Alpha variance of subjects is sorted in order of increasing variance. The red line shows the 
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electroencephalogram (EEG) about 300ms after a relevant, yet unpredictable event [1]. 
First introduced by Farwell and Donchin, the first P300 Speller was a BCI based on the 






























 [For each response:  
- Record the response and note which stimulus it was elicited by. 
- If one response from each stimulus has not been recorded, wait 
until the next stimulus.   
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   - For each possible selection, s:  
      - Let f be the distributions of responses associated with s 
(flashed with s). 
- Let g be the distributions of responses not associated with s 
(did not flash with s). 
      - Use hypothesis testing to test ho: f=g, ha: f>g,  
      - Record the resulting p-value.  
   - For each possible selection, s:  
      - s, belongs to a group of selections, S such that:  
- s is in S, all other selections in S are selections that 
flashed at the same time as s,  
- the number of targets in S is not more than Smax and not less 
than Smin,                    
- Let Pout be the product of all p-values of the selections not in S.  
- Let Pin be the product of one minus the p-values of the selections 
in S.  
- The certainty for s is log(Pout*Pin).  




Furthermore,	to	make	the	raw	certainty	values	easier	to	interpret	as	probabilities,	they	were	normalized	to	be	between	zero	and	one,	with	the	sum	of	all	of	the	certainty	values	being	one.	This	normalization	was	achieved	using	the	softmax	function	[10].	The	certainty	value	of	a	selection	determined	if	the	selection	was	to	be	typed	or	abstained	depending	on	whether	it	was	greater	or	less	than	the	user-specific	threshold,	respectively.		The	user-specific	certainty	threshold	was	calculated,	based	on	the	user’s	calibration	data,	for	each	subject	using	a	Receiver	Operating	Characteristic	(ROC)	curve,	where	the	true	positive	rate	(sensitivity)	and	the	false	positive	rate	(100-specificity)	are	evaluated	at	many	different	thresholds.	For	each	subject,	the	threshold	that	yielded	the	highest	true	positive	rate	and	the	lowest	false	positive	was	chosen	as	their	user-specific	threshold.	There	is	a	trade-off	between	the	true	positive	rate	and	the	false	positive	rate,	and	the	threshold	chosen	was	the	one	that	optimized	this	trade-off	for	each	subject.				 To	evaluate	the	performance	of	the	P300-Certainty	algorithm,	the	BCI	spelling	accuracy	was	calculated	with	and	without	P300-Certainty.	Statistical	significance	was	calculated	using	a	paired	t-test.	Also,	the	numbers	of	total	characters,	correct	characters,	incorrect	characters,	correctly	abstained	characters,	and	incorrectly	abstained	characters	were	reported.		 Another	metric	that	was	used	to	evaluate	performance	is	BCI	Utility	[11].	BCI	Utility	is	defined	as	the	ratio	of	the	expected	benefit	per	selection	and	the	expected	time	per	selection.	Unlike	other	metrics,	the	BCI	Utility	metric	not	only	quantifies	the	accuracy	of	selections	and	the	rate	of	selections,	but	also	takes	error	correction	into	consideration.	The	equation	used	to	calculate	BCI-Utility	was	as	follows:	! = ! !"#"$%&/!"#"$%&'(! !"#$/!"#"$%&'( 				 	
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Results			 The	improvement	in	BCI	spelling	accuracy	using	P300-Certainty	is	shown	in	Figure	8.	The	mean	BCI	accuracy	calculated	with	and	without	P300-Certainty	was	88.82±8.85%	and	82.01±12.59%,	respectively,	and	was	statistically	significant	with	a	p-value	=	0.038.	The	BCI-Utility	calculated	with	and	without	P300-Certainty	was	3.05±1.63	and	2.65±1.61,	respectively,	with	a	statistical	significance	of	p	=	0.024.  	 The	mean	of	all	user-specific	certainty	thresholds	calculated	using	a	ROC	curve	was	88.59±4.03%.	
	
Figure	8:	Graph showing P300-Certainty improvements in BCI accuracy. The accuracy improvement is 
presented in changes in accuracy on a 0 to 1 scale, where 1 is 100% accuracy. Subjects are sorted by 
increasing raw BCI accuracy. The red line shows the maximum possible improvement to reach 100% 
accuracy for each subject as reference. The blue line represents raw BCI accuracy as a reference.		 	 Table	1:	The	breakdown	of	number	of	selections	with	and	without	the	P300-Certainty	algorithm.	










































Discussion		 The	P300-Certainty	algorithm	improved	accuracy	for	27	out	of	the	30	subjects,	without	decreasing	the	accuracy	for	any	subjects.	This	showed	that	P300-Certainty	is	successful	as	a	selection	confidence	method	that	abstains	selection	based	on	a	user-specific	certainty	threshold.			 The	data	analyzed	in	this	study	was	collected	using	a	row-column	flash	pattern,	however,	P300-Certainty	can	be	used	in	various	other	set-ups.	Many	other	flash	patterns	have	been	developed	that	proved	superior	to	row-column	flashing,	for	example	checkerboard	flash	pattern	[12].	P300-Certainty	can	be	used	as	a	selection	confidence	method	with	these	flash	patterns	by	adjusting	the	associated	and	unassociated	groups	of	selections.	Where,	for	each	selection,	the	associated	group	would	be	the	selections	that	flash	together	with	that	selection,	while	the	unassociated	group	would	be	the	selections	that	do	not	flash	together	with	it.			 The	next	chapter	discusses	how	the	P300-Certainty	algorithm	was	successfully	adapted	to	a	BCI	set-up	that	uses	single	selection	flashes	in	a	4-target	set-up.	Even	though	the	core	mechanisms	of	P300-Certainty	were	the	same,	a	different	statistical	test	(other	than	the	U-test),	was	used	to	generate	the	certainty	values	due	to	the	minimal	number	of	stimuli	in	that	set-up.		 From	the	results	presented	in	this	study,	P300-Certainty	can	be	used	to	achieve	dynamic	stopping,	by	only	making	selections	when	a	selection	surpasses	the	certainty	threshold.	Since	the	data	used	in	this	study	was	recorded	data,	it	is	difficult	to	evaluate	the	impact	of	dynamic	stopping	on	spelling	accuracy.	However,	dynamic	stopping	can	be	achieved	by	incorporating	P300-Certainty	into	the	code	of	a	P300	BCI	and	testing	it	on	subjects	in	real-time.	In	the	next	chapter,	P300-Certainty	was	used	in	real-time	to	achieve	dynamic	stopping	in	a	BCI	adapted	for	cognitive	testing.			 		
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Figure	11:	Graph showing alpha variance versus off-line BCI accuracy improvement using alpha, P300-
Certainty, and P300-Cert + Alpha. The accuracy improvement is presented in changes in accuracy on a 0 to 
1 scale, where 1 is 100% accuracy. Alpha variance of subjects is sorted in order of increasing variance. The 
















































(p = 0.024) 
2.78±1.60 
(p > 0.05) 
3.13±1.67 
(p = 0.018) 
BCI Accuracy 82.01±12.59% 88.82±8.85% 
(p = 0.038) 
83.93±9.79% 
(p > 0.05) 
89.81±7.05% 
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Table	4:	The	breakdown	of	average	accuracy	and	significance	for	the	high	variance	group,	low	variance	group,	and	both	groups	together.		
 Raw BCI Accuracy BCI with Alpha BCI Accuracy with 
P300-Certainty + 
Alpha 
High Variance Group 80.92±10.72%  
 
87.5±8.57%  
(p = 0.041) 
90.47±5.85%  
(p = 0.0063) 
Low Variance Group 83.09±14.52%   
 
79.35±13.92%  
(p > 0.05) 
87.36±10.48% 
(p > 0.05)  










Figure	12:	Graph showing relationship between alpha improvements in P300-Certainty on-line BCI 
accuracy and alpha variance. The accuracy improvement is presented in changes in accuracy on a 0 to 1 
scale, where 1 is 100% accuracy. Alpha variance of subjects is sorted in order of increasing variance. The 
red line shows the maximum possible improvement to reach 100% accuracy for each subject as reference. 
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